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ABSTRACT

In this work, we study the extraction of semanticobjects
using morphologicaltools. We decomposéghe imageinto

its level setsandlevel lines (the bordersof the level sets).
Specifically from all the level lines we extract the ones
that containT-junctions,have compactform, andarewell-

contrastedo obtainthe semanticobjectsin the scene.For

all thesefactors,we establishanestimationprocedure.

1. INTRODUCTION

Theextractionof semantiobjectsfrom imageds oneof the
mostimportantandchallengingoroblemsn imageanalysis.
The applicationsof suchsystemgangefrom objectbased
compressioro imagedatabases.

A largenumberof algorithmshave beenproposedn the
literature. Althoughiit is difficult to classify all of them,
wewill describetheirgeneraktructurg7]. A segmentation
algorithm may be composedof the following three basic
steps:Simplification: Remaresfrom theoriginalimageall
theirrelevantinformationfor the specificapplication.Fea-
tur e extraction: The specificfeatureggrey level, texture,
etc.) of the datadrive the sgmentation. The kind of fea-
turesdepend®ntheapplicationandonthedesiredsegmen-
tation. Decision: Thefinal partitionis determinedisingthe
featuresobtainedn the previousstep.

For thedecisionstepwe have: thetransition-basetech-
niguesandthe homogeneity-base@chniqueg7]. Thefor-
mersintendto estimatethe positionof thediscontinuitiesn
the featurespacedefiningthe boundaryof the regions. On
the otherhand,the lateroneslook for homogenousegions
in thefeaturespace.

Here we addressthe problemof extraction of seman-
tic structuresn theimage. We will not considerthe post-
processingf the obtainedsegmentation. In our case,the
basicstructuresarethe level setsandthe basicfeaturesare
the T-junctions. In someway our algorithmfalls into the
transition-basedateayory, afterthe detectiorof the basicel-
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ementghe oneswith “more” featureswill be setaspartof
the sggmentation.

2. SEGMENTATION ALGORITHM

To obtaina partitionwith regionsmatchingaswell aspos-
sible our perceptiorwe useelementof mathematicamor-
phologyrecentlydevelopedin [1, 6, 3, 2].

Before going on to discussthe algorithm usedin this
work, we review somebasicconceptsand notation. (For
detailssee[1, 6, 3, 2].) Givenanimagel : Q@ — IR we
definethelower andupperlevel setsas:

Ly =
U, =

{reN:1I(z) <A} Q)
{xe:I(x) > u} (2)

Level setsdefinea decompositiorwith two remarkable
properties. Firstly, it is a completedecompositionall the
imageinformationis containedconits level sets,andwe can
reconstructheoriginalimagefrom (1) and(2) by:

I(z) =sup{p:z € U,} =inf{\: 2z € Ly}

Secondthe decompositioris contrastinvariant. Gestaltists
arguethat our perceptionis contrastinvariantso suchde-
compositiorseemdo beacorrectoneif we wantto becom-
patiblewith thistheory

Level setssatisfyin additionthe following very impor-
tant property: the family of upperandlower level setsare
decreasingndincreasingespectiely: if a« < g thenL,, C
Lg andUg C U,. Thatmeanghatlevel setsareincluded
in eachother This relationcanberepresentedsa tree of
lower andupperlevel sets[6].

If we considerconnecteccomponentf the level sets
andthe level lines definedby their borders,we candefine
the topagraphic mapasthe family of all its level lines[1].
Following [3] we call morpholajical edgesthe level lines
that havea perceptivesignificance

Thetopographianapof animagecontainsall its infor-
mation, however, this informationis usually somehav re-
dundant;not all the level lines are equally relevant. The
basicideais thento filter thetopographianap,the setof all



level lines, to obtaina smallersetof morphologicaledges.
To characterizghefiltering processwve needto definea set
of filtering criterionsthat permitthe extractionof the mor-
phologicaledges.We proposethreefiltering criterions. A
level line is a morphologicaledgeif: containsT-junctions,
hasa compactorm, andit is “well-contrasted.

2.1. T-junctions

According to the Gestaltschool of visual perception,T-
junction singularitiesplay a major role in our perception.
They areof crucialimportanceaegardingthereconstruction
of occlusions;T-junctionsappearat the bordersof two ob-
jectsthatareoccludingeachother FromtheseT-junctions
ourvisualperceptiorreconstructsheoccludedbjectwhile
extendingits borderto join the T-junctions. In [4] Kanizsa
presentsa lot of concludingexamplesand beautiful draw-
ingsthatsupportthe useof T-junctionsaseffective percep-
tive features.Basedon theseobsenations,CasellesMorel
andColl developedaframewnork compatiblewith Kaniszas
ideasfor the caseof digital imageg1]. Their mainconjec-
ture is that the topographicmap and the junctionsare the
“atoms” of visual perception. From theseideas,Froment
[3, 2] developeda sggmentationalgorithm that useslevel
linesjoining T-junctionsasbasicelements.

Intuitively, in the caseof a digital image,a T-junction
occurswhen two level lines meet. Specifically we have
a T-junction whenwe can definethree significantsetson
theneighbourhooaf anintersectiorof two level lines: two
setshelongingto theoccludingobjects andoneto theback-
ground.

T-junction detectionalgorithm [1]
Let V(z) betheneighbourhooaf z wheretwo level lines
join. We define:

Ty, = agmin{I(y):y e N(x)}, Ao =I(z),)
Ty, = amgmax{I(y):y€ N(IL')}, po = I(zp,)-

ThesetLi”\;0 is aconnectecomponenof Ly, , which con-
tainsz,, and similarly we defineU,°. In orderto say
when theseconnectedcomponentsare relevant, i.e. they
definea T-junction, we askthemto have a minimum area.
Also we definethe minimum and maximumgrey levelsin
thosesets:

A =
p =

argmin{A > X : AreaL}°) > A}
argmin{ Ao < p < po : AreaUy,°) > A}.

Finally, z is a T-junctionif thetwo setsarewell-contrasted,
m — A1 > 2G, andthe backgroundsetdefinedby the con-
nectedcomponendf {y € Q: A\ + G < I(y) < w1 — G}
containingatleasta pixel of N'(z) hasareagreateithan A.

The border of a level set, its level line, is a union of
closedcurves;a shapeis theinterior of sut curves[6].

Thefirst criterion of thefiltering proceskeepsonly the
shapeghat containT-junctions. Furthermorethe more T-
junctionsa shapehasin its borderthe moreimportantit is.
The numberof T-junctionscanbe usedasa metricto sort
shapes.In Figure 1 we showv the detectedT-junctionsfor
Claireimage.

2.2. Compactness

According to the Gestalttheory in our field of view we
distinguishfigure from ground. Figuresare perceved as
a coherentwholein front of the backgroundwhich is per
ceivedaslessimportant.In addition,our perceptiorfavours
objectswith simple and compactform to be perceved as
foreground[5]. Then, compactness animportantprop-
erty whensegregatingtheimageinto foregroundandback-
ground. To measureghe compactnessf a shapeS we use,
asis classicalin the computervision literature,theisoperi-
metricratio:

IsoperimetricRatio(S) = PerimetefS)? /AreaS)

This measuraoughly saysthat betweentwo shapeof
equalareatheoneof leastperimetemwill bethemorecom-
pactone;it penalizesshapesvith complex oscillatingbor-
ders.Thiscriterionis both,afiltering tool anda sortingmet-
ric. Meaningthat, shapesvith anisoperimetricratio above
agiventhresholdaredeletedand,the smallesisoperimetric
ratio it hasthemoreimportantit is.

Remark: A stimuluscould be importantbut not com-
pact,otherwise we would only seesimpleforms. The point
is thatcompactformstendto: 1- attractour perception2-
be part of semanticobjects. This point was discussedy
Kanizsain [4], wherehe pointedout the misunderstanding
regardingthe socalledprinciple of “good form”.

2.3. Contrast

Typically, well-contrastedegionscall our attention.More-
over, awell-contrastedhapas lik ely to bepartof thebound-
ary of areal objectin theimage. Thus, contrastis another
importantfeatureto defineperceptve objects. To compute
thecontrastalongthe shapeborderwe usethe magnitudeof
the gradient. Thelevel line defininga shapemay have part
of it insidethe object(Along this part,the magnitudeof the
gradientwill besmallerthanthemagnitudealongthe object
border) If we use,for example,the meanof the gradient
alongthe shapeborderwe could endup with anunreliable
estimationof the contrast.To avoid theseproblemswe use
themedianof thegradientalongtheshapéeborderasarobust
measuref contrast.

ContrastS) = median{|VI(z)| : z € S}



It is worth to notethat the contrastis the leastimpor-
tantfactoramongthethreeproposedThereasorfor thatis
twofold. First,thecontrasis consideredor compacshapes
with T-junctions.Secondtheremovedshapesretypically
thelow-contrasteghapeshatdo notplay animportantrole
in the perceptionof the image, soft morphologicaledges,
shapesn smoothareaspr justnoisyshapes.

Summary of the algorithm (fully automatic)
1- Computethelower anduppertrees. The computatiornof
thesdreesis performedwith analgorithmsimilarto theone
proposedn [6].
2- Find all the T-junctionsin theimageusingthe algorithm
discussedh (2.1).
3- Remoreall theshapess, in bothtreesthat:
3.a-HavelessthanT T-junctions.
3.b- (SmallshapespPerimetefS) < P.
3.c-(Comple shapes)soperimetricRatioS) > IR.
3.d- (Bad-CotrastedTontrastS) < C.
4- Sort the shapesfirstly accordingto the numberof T-
junctionsandthenincreasinglywith theisoperimetriaatio.
Thatis, if two shapeshave equalnumberof T-junctionsthe
morecompacineis selectedasthe moreimportant.
5- Add the mostimportantlower and uppershapego the
segmentationlIf Tj(S) is thesetof T-junctionsin theshape,
remove them from the remainingshapes. (This stepstep
avoidstheinclusionof severalshapeshatcontainnearlythe
sameT-junctionsandaccumulatecloseto objectsborders.)

Sometimedt is unnecessarip includein the segmenta-
tion all the shapeswith T-junctions. At the endof the day;
no matterhow comple< and accuratethe algorithm could
be, the userjudgementis crucial to definethe end of the
processTherefore anothempossibilityis to addnew shapes
until the userstopsthe process.In this case the algorithm
is semi-automati€the userinteractionis minimal).

The last possibility is to includeall shapeswithout re-
moving the alreadyincluded T-junctions. The drawvback
is that several level lines accumulatecloseto the objects
boundary In [2] Fromentproposedhis asa multiscaleim-
agemodel. Theweaknes®f this algorithmis thattoo mary
level lines tendto accumulatecloseto the objectsbound-
ary. This makesthe algorithmnot very suitablefor further
region-basegrocessingit is harderto obtaina simpleseg-
mentationfrom it.

2.4. Parameter tuning

For the parameterst andG, which controlthe detectionof
the T-junctions,we found empirically the valuesA = 40
andG = 4 for imagesof dimension®256x256.andA = 30
andG = 4 for imagesin QCIF format. We encountered
little changesvhen moving theseparameter<loseto the

previous ones. In somecasesthe T-junctionswerenearly
thesame.

The parametefl is like a scale the more T-junctionsa
shapehasthemoreimportantit is. For thisreasonit canbe
usedto obtain sggmentationsat differentresolutions. Yet,
wesetT greateithantwo asshapesvith only oneT-junction
arepossiblebe dueto noise.

Like the numberof T-junctions,the perimeterdefines
alsoa scale;shapesvith small perimeterconstitutethefine
scale. In our casewe setempirically P = 20. Sometimes
it canbe usefulto seta maximumallowed perimetertoo,
in sucha caseit canbe determinedn the sameway asthe
isoperimetricratio (seebelow.)

As for the parameted R thatcontrolsthe isoperimetric
ratio of the shapest is clearly imagedependent.Differ-
entimageshave differentcompleity andthereforedifferent
valuesof I R. Usuallyfor non-comple& images,n termsof
the shapest contains,its valueis in the range100 — 200.
This parameteis the mostcritical one:if IR is setto high
thenwe could endup addingnoisy shapego the sggmen-
tation and, if it is too small, we could loose someimpor-
tantshapesLik ewise, the contrastthresholdC, is alsoim-
agedependentFor bothwe estimatetheir valuesusingthe
statisticsof all the morphologicaledges.In whatfollows,
we discusghe procedurdo estimatehem.

Sinceedgesn imagesarenot perfect,they do notform
stepfunctionsbut smoothtransitions seserallevel linesac-
cumulatecloseto the objectborder In this way, their con-
trast, perimeterand isoperimetricratio are similar. They
will alsohave nearlythe sameT-junctions. Becausef this
simple property we have that the perimetey isoperimetric
ration,andcontrasfeaturedorm clusters.

The isoperimetricratio threshold,/ R, is derived from
the statisticsof the isoperimetricration. We useupperand
lower shapego obtainthe distributions of the isoperimet-
ric ratio F,(S) and F;(S) respectiely 1. The conserative
heuristicseeksa small valuefor IR which doesnot leave
importantshapesout. We computeit asthe maximumof
thepointswherethedistributionsof loweranduppershapes
equal 0.8 (Probability(IsoperimetricRatiolS) > IR) <
0.2.) Thatis, we setIR soto leave out the shapeswvhich
isoperimetricratio hasa low probabilityto occurwithin the
image.

IR = max {F, 1(0.8), F,'(0.8)}

Take the distribution of the contrast,F,.(ContrastS)),
for all shapeswith more than one T-junction and isoperi-
metric ration belov IR (We apply the samemethodology
to upperandlower shapes.)rhefirst clusterin thedistribu-
tion correspondso the shapeswith the smallestcontrast.If
we considerjust the contrast theseshapesare the onesof
leastrelevance.Let C; andC; bethe pointswherethetwo

Lto obtainthedistribution we apply a standarckernelmethod.



first maximumof the contrastdistribution occur and Cj*
thefirst minimumatfter C;. We setC to:

C = max {min {0.5 * (C" + Cs), F, 1(0.2)} , 10}

This is a very conserative stratgy; othervalueslarger
thanthis oneproducealsogood,coarsesggmentations.

3. RESULTS

In Figure 1 we presentthe resultsobtainedwith the fully
automaticalgorithm. As we cansee the sggmentationcor-
rectly captureghe perceptve objectsin theimage.In some
casesthe detectedobjectshave a noisy boundary This is
dueto the natureof thelevel linescloseto objectandto the
amountof noisepresent. In a forthcomingwork, we will
proposeaway to simplify thedetectecboundaries.

Thesecondexperimentintendsto testtheimportanceof
thefirst shapesddedo thesegmentation We show thefirst
shapesxtractedfor ClaireandForemanimage.In thecase
of Clareimage,the mostimportantshapesnatchperfectly
our perception.On the otherhand,for the Foremanimage,
themostimportantregion doesnot fully matchour percep-
tion. Accordingto our perceptionthemostimportantobject
is manshead,and althoughthe mostimportantregion dos
not segmentit completelyit containsit. It is importantto
notethat we detectshapesasedon rathersimplefeatures
and, when detectingmanshead,the strongeskelementfor
our perceptions thefactthatit is ahead.

4. CONCLUSIONS

In this work, we describedalgorithmsfor the extraction
of semanticobjectsin imagesusing morphologicaltools.
We usedT-junction singularitiestogetherwith contrastand
compactnesmeasureso selectthe perceptve shapes.We
baseall this on perceptualconsiderationdinked with the
Gestaltschoolof visualperception.

We presentedhreealgorithmsrangingfrom fully auto-
maticto semi-automaticln ary casetheuserinteractionis
minimal aswe gave explicit methodso automaticallyesti-
matethe algorithmparameters.

The experimentalresultsshoved: the importanceof T-
junctionsas perceptve features,the effectivenessof both
contrastand isoperimetricthreshold,and the good perfor
manceof thedescribedalgorithms.
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Fig. 1. Detectedshapedor Foreman,Claire andHall im-
ages.the first shapedncludedfor Claire and Foremanim-
age.We alsoshaw for thefirst threeimagesthe shapesver
imposedo theimage.



